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Summary

The current COVID-19 pandemic offers a unique opportunity to examine the utility
of Internet search data in disease modelling across multiple countries. Most such
studies typically examine trends within only a single country, with few going beyond
describing the relationship between search data patterns and disease occurrence.
Google Trends data (GTD) indicating the volume of Internet searching on 'coronavi-
rus' were obtained for a range of European countries along with corresponding inci-
dent case numbers. Significant positive correlations between GTD with incident case
numbers occurred across European countries, with the strongest correlations being
obtained using contemporaneous data for most countries. GTD was then integrated
into a distributed lag model; this improved model quality for both the increasing and
decreasing epidemic phases. These results show the utility of Internet search data in

disease modelling, with possible implications for cross country analysis.
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1 | INTRODUCTION

The current coronavirus (COVID-19) pandemic is probably the most
important public health challenge caused by an infectious disease
since the Spanish Flu pandemic. It has also become an Internet phe-
nomenon, leading newsfeeds and trending on news forums glob-
ally. Understandably, there is widespread public interest, which is
being met by blanket media coverage of an unprecedented nature.
The Internet is now the favoured first port of call for those seeking
healthcare information (Andreassen et al., 2007; Diaz et al., 2002).
Therefore, such digital information is likely to be playing a key role in
public communication during the current crisis.

Data generated through Internet searching have long been
known to be useful for disease monitoring and surveillance (Anema
et al.,, 2014; Brownstein et al., 2009; Eysenbach, 2011; Mavragani

COVID-19, Google Trends, model, SARS-CoV-2, surveillance

et al., 2018). The growing field of research concerning Internet-
based healthcare and disease information sources is now widely
known as Infodemiology (Eysenbach, 2011). This can be defined as
the science relating to the distribution, and factors affecting the dis-
tribution, of information in an electronic format, principally upon the
Internet, about healthcare (Eysenbach, 2009). More simply, but not
exclusively, it is the analysis and study of how people search using
the Internet for health-related information. The field first gained rec-
ognition with research that tracked influenza using Internet search-
ing patterns (Eysenbach, 2006). Use of online digital data sources
offers the potential to enhance not only disease surveillance and
monitoring, but could also prove invaluable in disease forecasting
and modelling (Reviewed: Salathé et al., 2012).

A favoured source of information for such data is Google Trends,
a website which provides data on the volume of Internet searching
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upon specific topics. This has been identified as a potentially use-
ful source of real-time data (Carneiro & Mylonakis, 2009; Nuti
et al., 2014). Such information may possibly reflect disease occur-
rence quicker and more accurately than traditional, but slower, dis-
ease monitoring through official channels. Studies examining the
relationship between Internet searching and disease occurrence
using this and similar sites have become commonplace (Carneiro &
Mylonakis, 2009; Mavragani & Ochoa, 2019; Mavragani et al., 2018).

However, typically such studies examine relationships between
search behaviour and disease occurrence within only a single national
country. Whether patterns between search behaviour and disease in-
cidence occur on a broader geographical scale, across national borders,
is seldom studied. This is surprising; infectious diseases are often glob-
ally distributed, and do not respect national borders. Also importantly,
often studies use mainly non-specific symptom keywords, which can
cause a loss of specificity in results. On the other hand, selecting
overly specific keywords, such as actual disease names, can result in
a decrease in sensitivity, and may also make models vulnerable to me-
dia-related “noisy" information (Sulyok et al., 2020). As highlighted in a
recent review (Mavragani et al., 2018), although many studies examin-
ing Internet search behaviour describe relationships and seek correla-
tions, there is a paucity of studies taking the next step and using such
data in disease forecasting and modelling.

Thus, here the aim was not only to examine whether correlations
between Google Trends data and COVID-19 cases occurred, but also
to utilize such data in modelling; could such data enhance traditionally
based models using reported case numbers? Additionally, are models
enhanced when examining data from a wider geographical range than
a single nation state? COVID-19 is a pan-European problem, with epi-
demics developing almost simultaneously across many countries. This
situation provides a unique opportunity to examine whether such data
can enhance modelling across multiple countries, continent wide.

2 | MATERIALS AND METHODS

Data relating to Google Internet searching on the single search term
‘coronavirus' were downloaded for a range of European countries
from the Google Trends website (https://trends.google.com/trend
s) (Google, 2020) on the 14 March 2020. GTD indexes the volume
of search interest against a benchmark index of 100. Data was col-
lected for several European countries where COVID-19 cases have
been confirmed. 'Coronavirus' was selected as a search term due to
the ubiquitous use of this name in popular parlance across Europe.
'Coronavirus' is part of the official definition of this condition, 'coro-
navirus disease 2019 (COVID-19)' (WHO, 2020). Google translate
showed that 'coronavirus' was commonly used across the majority of
European countries involved in our analyses. Another study has dem-
onstrated that results using this search term on Google Trends are
highly correlated with related search terms (Walker & Sulyok, 2020).
GTD provides an indexed figure for the volume of Internet
searching within a specific nation on a particular chosen keyword.

GTD indexes the volume of search interest against a benchmark of
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100. Thus data from Google are a reflection of the searching be-
haviour of people using Google every day (Google, 2020). Data are
anonymized and standardized. Data are normalized, as described by
Google (2020).

Data were collected on 15 Mar 2020 for a 51-day period run-
ning from 23 Jan 2020 to 13 Mar 2020. This encompassed the
initial phases of the outbreak, from the potential threat of COVID-
19 being highlighted by WHO in a statement on 30 January 2020
(WHO, 2020). Corresponding incidence data were obtained from
the GitHub database (https://github.com/CSSEGISandData/COVID
-19) of the Coronavirus COVID-19 Global Cases website, managed
by the Center for Systems Science and Engineering (CSSE) at Johns
Hopkins University (JHU) homepage, which is being updated daily
based on WHO, CDC, ECDC, NHC and DXY and local media reports
(Dong et al., 2020). Data for the decreasing phase of the European
epidemic were obtained similarly on 27 July 2020 for a 90-day pe-
riod from 27 Apr to 25 Jul 2020. Spearman rank cross-correlation
analyses between incident case number and corresponding Google
search volumes were performed using a +-40 days lag.

Time series modelling of incident cases was performed using
generalized additive models (GAM). The smoothed numerical date
was added to the model as an independent variable with and with-
out distributed lag country-specific GTD values. Splines are piece-
wise defined polynomials which have the ability to smoothly follow
non-linear—or even non-monotone data, requiring relatively few
degrees of freedom. (Wood, 2004, 2017; Wood & Augustin, 2002).
Additional information about the applied spline-based methods is
available from (Gasparrini, 2011; Wood, 2004).

Incident case numbers were added as the explained variable.
Models were compared with the Akaike Information Criteria. All anal-
yses were performed with R (version 3.6.3) (The R Core Team, 2020)
using the mcgv (Wood, 2004) and dinm package (Gasparrini, 2011).

3 | RESULTS AND DISCUSSION
3.1 | Cross-correlation analyses

Table 1 shows results of Spearman rank contemporaneous cor-
relations between GTD and incident case numbers for different
European countries. The increasing and decreasing phases of each
country's epidemics were also examined. For the increasing phase,
the correlation was positive and significant in all countries studied.
With cross-correlation analyses, in the majority of cases the correla-
tion was strongest at a median of O day (IQR: 0-1) lag (Figure 1). In
other words, GTD was contemporaneous with incident cases (with
the notable exception of Ireland, where it preceded it by 18 days).
This pattern was also observed when data describing the decreas-
ing phase of the epidemic were examined. All but two countries had
significant moderate to strong positive correlations between GTD and
incident case numbers (the exception being Sweden and France). With
cross-correlation analyses, the median lag was also 0 days (IQR: -2.0-

0, further details in the Supplementary Material S1).
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TABLE 1 Spearman rank contemporaneous correlations
between GTD and COVID-19 incident daily case numbers for a
number of European countries

Increasing phase Decreasing phase

Country p-value P-value  p-value P-value
Belgium 0.688 <.001 0.768 <.001
France 0.791 <.001 0.012 .904
Germany 0.808 <.001 0.428 <.001
Hungary 0.470 <.001 0.640 <.001
Ireland 0.405 <.001 0.664 <.001
Italy 0.802 .003 0.843 <.001
Netherlands 0.688 <.001 0.763 <.001
Norway 0.767 <.001 0.479 <.001
Spain 0.779 <.001 0.513 <.001
Sweden 0.805 <.001 0.107 .314
Switzerland 0.716 <.001 0.371 .003
United Kingdom 0.775 <.001 0.804 <.001

Abbreviation: GTD, Google Trends Data.

3.2 | Modelling incident case numbers

Extending standard models, which use solely spline described numeri-
cal date as covariate, with GTD improved model quality (AIC without
GTD: 2,120.67; with GTD: 2084.72). To test our results, the same
model fitting with data describing mostly the decreasing phase of the
epidemic was performed. These findings may confirm the results of
the previous modelling; model quality was slightly better with the addi-
tion of GTD data (AIC without GTD: 10,852.21; with GTD: 10,840.81).
Detailed results are available as Supplementary Material S1.

4 | DISCUSSION

Here, results of cross-correlations showed a clear relationship be-
tween GTD andreported case incidence across anumber of European
countries. The quality of time series modelling, as indicated by AIC
values, was enhanced by the addition of GTD. Importantly, this en-
hancement was seen across a number of European countries. This
suggests that such data could be of real utility in disease modelling
and possibly forecasting in the future, and also that such data could
be of value when examining epidemics across country boundaries.
This could be of potential utility where traditional disease surveil-
lance is challenging. With the demonstration that GTD data can
enhance GAM modelling, more detailed model comparison and
validation, with subsequent prediction making, would be the logical
next step.

Country-specific factors, possibly reflecting differences in test-
ing and case reporting probably play a critical role. Reported case
numbers may not truly reflect disease occurrence, possibly only

how vigorous testing regimes are. This was mitigated by examining

increasing and decreasing phases of the epidemic separately; re-
ported case numbers are likely to be more reliable at the beginning
of an epidemic when the majority of cases can be identified.

Of note, examination of splines for Spain and Italy is notably dif-
ferent in appearance than those for the other European countries
studied (S1). This may be related to the timing and rate of devel-
opment of the COVID-19 epidemic in these countries. Italy experi-
enced a substantial and sustained COVID-19 epidemic prior to other
European countries, closely followed by Spain. Other European
countries which subsequently experienced epidemics were able
to implement measures following the lItalian and Spanish lead,
which may have affected the pattern of epidemic development in
these countries. Detailed model characteristics are provided in the
Supplementary Material S1.

Google Trends has proved fertile ground for those wishing to
research popular interest in disease or health-related topics. Much
research has centred on examining infectious conditions, such as
influenza (Eysenbach, 2006; Lazer et al., 2014), but research has
covered a range of conditions ranging from tuberculosis (Frauenfeld
et al., 2020) to even vector-borne conditions such as tick-borne
Encephalitis (Sulyok et al., 2020). Reviews of such studies can be
found in Mavragani et al. (2018) and Nuti et al. (2014). Interest in
studying Internet search patterns relating to COVID-19 using data
from Google Trends has been high, with studies appearing rapidly
(e.g. Effenberger et al., 2020). Studies have examined more than
simply the relationship between Internet searching and COVID-
19 incidence, with topics studied ranging from interest in vacci-
nation (Paguio et al., 2020), anosmia (Panuganti et al., 2020), and
even a study of commonly used COVID-19 synonyms (Rovetta &
Bhagavathula, 2020a). However, in line with Google Trends studies
examining other conditions, most of these COVID-19-related stud-
ies concentrate on examining search behaviours within only single
countries (e.g. (Husain et al., 2020; Husnayain et al., 2020; Rovetta &
Bhagavathula, 2020b; Walker & Sulyok, 2020).

Thus, the examination for countries across Europe as is done
here is of particular value. Europe is of particular interest due to the
number of countries, some with relatively large population sizes,
constrained within a limited geographical area. Many European
countries share relatively similar levels of economic development
and socio-cultural backgrounds. Movement between European
countries occurs at high levels, facilitating infectious disease spread.
This allows examination of trends in Internet searching across na-
tional borders, when other factors are similar in nature.

This study is also of particular interest given the relative paucity
of studies using GTD in modelling. An initial aim was to demonstrate
that the addition of GTD to a standard model would enhance its ac-
curacy. An additional novelty being the use of distributed lag GAM.
With the demonstration that such data have proved of value, the
logical next step would be a series of model comparisons and val-
idations to determine which mode of modelling is most effective,
ultimately resulting in the use of GTD for prediction making. Given
the emphasis of other GTD studies on correlation and relationship

seeking (Mavragani et al., 2018), the modelling performed here is
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FIGURE 1 Spearman rank Cross-

Correlations between GTD and COVID-19 0.75-
incident daily case numbers for a number

of European countries. Upper plot:

increasing phase, lower plot decreasing

phase of the epidemic (ccf: cross- 0.50-
correlation p value) [Colour figure can be

viewed at wileyonlinelibrary.com]
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therefore a particularly useful addition to the literature and a good
start in this direction. The finding that GTD enhanced modelling
across a range of European countries is of interest and potentially
important.

Although a promising data source, there were initially
some problems using Google Trends for prediction purposes.
Most notoriously is the use of such data in Google Flu Trends
(Lazer et al., 2014), which was dogged by overfitting problems.
Increasingly however, refinement of the techniques used means
modelling is now more reliable and potentially more useful. Other
problems with research using Google Trends data are mainly re-
lated to the lack of standard methodologies (Nuti et al., 2014).
Use and reporting of the search terms used in analyses, and the
method by which searching is performed, often vary considerably

between studies (Nuti et al., 2014). Recently, attempts to mitigate
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against this have been made by establishing common reporting
frameworks (Eysenbach, 2009).

In conclusion, GTD showed a strong contemporaneous correla-
tion with incident case numbers across Europe. Patterns between
Google Trends data and COVID-19 incidence were found to be of
a consistent nature across multiple European countries; an import-
ant finding. Using a distributed lag GAM, GTD also enhanced the
quality of disease models using solely case numbers for a range of
European countries. This improvement suggests such techniques
could be used across country boundaries. This is potentially import-
ant as COVID-19 reaches new states, especially ones where testing
and surveillance are not as reliable as in Europe.
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SUPPORTING INFORMATION
Additional supporting information may be found online in the

Supporting Information section.
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